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Abstract001

The structural properties of naturally arising002
social graphs are extensively studied to un-003
derstand their evolution. Prior approaches for004
modeling network dynamics typically rely on005
rule-based models, which lack realism and gen-006
eralizability, or deep learning-based models,007
which require large-scale training datasets. So-008
cial graphs, as abstract graph representations009
of entity-wise interactions, present an opportu-010
nity to explore network evolution mechanisms011
through realistic simulations of human-item in-012
teractions. Leveraging the pre-trained social013
consensus knowledge embedded in large lan-014
guage models (LLMs), we present GraphAgent-015
Generator (GAG), a novel simulation-based016
framework for dynamic, text-attributed social017
graph generation. GAG simulates the tempo-018
ral node and edge generation processes for019
zero-shot social graph generation. The re-020
sulting graphs exhibit adherence to seven key021
macroscopic network properties, achieving an022
11% improvement in microscopic graph struc-023
ture metrics. Through the node classification024
benchmarking task, we validate GAG effec-025
tively captures the intricate text-structure cor-026
relations in graph generation. Furthermore,027
GAG supports generating graphs with up to028
nearly 100,000 nodes or 10 million edges029
through large-scale LLM-based agent simula-030
tion with parallel acceleration, achieving a min-031
imum speed-up of 90.4%. The source code032
is available at https://anonymous.4open.033
science/r/GraphAgent-2206.034

1 Introduction035

Social graphs are mathematical structures stem036

from pairwise interactions between entities through037

nodes and edges, serving as a fundamental con-038

cept in network science. They are widely used to039

model human behaviors across various domains,040

including scientific research (Radicchi et al., 2011),041

economic commerce (Harper and Konstan, 2015),042

and sociology (Guo et al., 2009). A longstanding 043

task in network science is social graph generation. 044

Given an observed social graph dataset, re- 045

searchers construct models based on proposed 046

generative mechanisms to extrapolate these ob- 047

servations into the growth of complex networks. 048

Network science theories constitute macroscopic 049

properties such as power-law degree distribu- 050

tion (Clauset et al., 2009). In contrast, microscopic 051

properties include graph structure metrics like de- 052

gree distribution and clustering coefficient (Mar- 053

tinkus et al., 2022). By comparing the macroscopic 054

and microscopic properties of the generated and 055

real-world graphs, researchers gain deeper insights 056

into the mechanisms underlying graph evolution. 057

Existing graph generation methods can be cat- 058

egorized into two types: (1) Rule-based methods, 059

which rely on preset rules to generate graphs (Er- 060

dos et al., 1960; Barabási and Albert, 1999). These 061

methods are designed to capture specific macro- 062

scopic properties observed in real-world networks. 063

However, the need for tailored models to capture 064

each property complicates the integration of these 065

methods into a unified framework. (Bergmeis- 066

ter et al., 2024) (2) Deep learning-based methods, 067

which leverage self-supervised learning to capture 068

graph structures. These methods mainly include 069

auto-regressive methods (You et al., 2018) and one- 070

shot methods (Vignac et al., 2023; Bergmeister 071

et al., 2024; Simonovsky and Komodakis, 2018). 072

While these techniques excel in fitting the micro- 073

scopic properties of observed graphs, they face 074

challenges when generating larger graphs beyond 075

the size of the observed dataset (Bergmeister et al., 076

2024) and struggle to maintain macroscopic prop- 077

erties during the growth of complex networks. 078

The limitations of previous methods stem from 079

their attempts to use a single model to represent all 080

forms of entity-wise interaction processes. Instead 081

of merely adhering to preset rules or fitting training 082

data, a desirable graph generator understands how 083
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graphs are formed to generate structures that align084

with the underlying physical process. For social085

graphs specifically, the dynamics of human-item in-086

teractions drive the network evolution (Fowler and087

Christakis, 2010). Fortunately, the emergence of088

LLMs like LLaMA (AI@Meta, 2024) and GPT-089

4 (OpenAI, 2023) has opened new avenues for090

graph generation. With advanced capabilities in091

human-like responses and decision-making capa-092

bilities, LLM-based agents can effectively simu-093

late complex interaction processes in human activi-094

ties (Park et al., 2023).095

In this work, we introduce GraphAgent-096

Generator (GAG), a novel framework for generic097

social graph generation. Our approach draws on098

empirically studied concepts from the social sci-099

ences, particularly bipartite models of social graphs100

that capture actor-item interactions. In GAG, the101

actor set consists of carefully designed LLM-based102

agents, while the initial item set is derived from103

a real-world seed graph. This item set is sub-104

sequently expanded through items generated by105

the actors. We propose the S-RAG algorithm to106

model actor-item interactions and simulate net-107

work growth patterns originating from the seed108

network with parallel acceleration. Through con-109

tinuous simulations, GAG develops diverse graphs110

by folding the affiliation network based on node111

types and edge/relation types, our main contribu-112

tions are: (1) Graphs of Real-World Network113

Structures: The generated graphs exhibit seven114

essential structural characteristics observed in real-115

world networks, including power-law degree dis-116

tribution, small-world, shrinking diameter and etc.117

Specifically, GAG surpasses the best-performing118

baseline by 11% on specific evaluation metrics for119

graph expansion tasks. (2) Text-attributed Graph120

Generation: In the node classification benchmark-121

ing task, GAG demonstrates an average improve-122

ment of 1.45 in accuracy retention compared to123

baseline methods. By effectively capturing the in-124

tricate relationship between textual features and125

graph structures, GAG generates highly realistic126

text-attributed graphs. (3) Graph Generation via127

Large-Scale Agent Simulation: The framework128

supports the generation of graphs across ten distinct129

types, accommodating up to 10 million edges or130

nearly 100,000 nodes through simulations with up131

to nearly 100,000 LLM-based agents. Additionally,132

the parallel acceleration accelerates the simulation133

with a minimum speed-up of 90.4%.134

2 Related Work 135

Graph Generation As an extensively explored 136

foundational task, existing graph generation meth- 137

ods fall mainly into two categories: (1) Rule-based 138

methods, which gradually add nodes based on ran- 139

dom (Erdos et al., 1960) or preferential attach- 140

ment (Barabási and Albert, 1999) rules; Though 141

(Barabási and Albert, 1999) successfully models 142

power-law degree distribution, they struggle to cap- 143

ture the community structures prevalent in real- 144

world networks (You et al., 2018) and generate 145

text-rich attributes. (2) Deep Learning based meth- 146

ods, which aims to capture the complex and diverse 147

real-world structures through training on network 148

dataset, mainly fall into two categories: Autore- 149

gressive methods (You et al., 2018; Dai et al., 150

2020; Bergmeister et al., 2024) predict edges incre- 151

mentally for each new node, while one-shot meth- 152

ods (Simonovsky and Komodakis, 2018; De Cao 153

and Kipf, 2018; Liu et al., 2019; Vignac et al., 154

2023) generate entire graphs in a single step. How- 155

ever, these methods require large-scale training 156

data and struggle to generate graphs outside the 157

training distribution. Although some progress has 158

been made with extrapolating to out-of-distribution 159

graphs (Bergmeister et al., 2024), the maximum 160

size of the expanded graph is limited to 144 nodes. 161

Moreover, they cannot generalize to new contexts 162

beyond observation (Chang et al., 2024). 163

LLM-based Human Behavior Simulation 164

With LLMs demonstrating advanced capabilities in 165

human-like responses and autonomous planning 166

(Gao et al., 2023), they are increasingly recog- 167

nized as a new paradigm for simulations across 168

fields such as education (Chen et al., 2024), so- 169

cial dynamics (Park et al., 2023), and economics 170

(Li et al., 2024b). In graph generation, De Marzo 171

et al. (2023) first explores the scale-free property 172

of power-law distributions in LLM-based agent in- 173

teractions. Subsequently, Papachristou and Yuan 174

(2024); Chang et al. (2024) examines additional so- 175

cial graph properties. However, these simulations 176

often lack realism due to simplified modeling of hu- 177

man behavior, such as name selection, and are con- 178

strained to fewer than 100 agents. Recently, Pan 179

et al. (2024) introduced AgentScope, a framework 180

enabling large-scale multi-agent simulations for 181

simplified human behavior, demonstrated through 182

number-guessing games. Building on this, we have 183

enhanced AgentScope to simulate more complex 184

human behaviors at a large scale. 185
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Figure 1: An illustration of the GAG Framework for generating social graphs: (1) Node Formulation, where
actor and item node sets are initialized; actor nodes are initilized with LLM-based agents, while item nodes are
managed by an item agent; (2) Interaction Simulation, where agents engage in pair-wise interactions within a
virtual environment; (3) Graph Projection, where the actor-item bipartite graph is folded along specified node or
edge types.

3 The GAG Framework186

In this section, we present GAG, a versatile LLM-187

simulation-based framework designed for large-188

scale dynamic text-attributed graph generation.189

GAG aims to eliminate preset rules and training190

processes in graph generation through simulation-191

based methods.192

3.1 Problem Setup193

In this paper, we focus on modeling the dynamic194

evolution of text-attributed social graphs, which195

include two types of entities: actors and items.196

The entity-wise interaction can be naturally rep-197

resented as a bipartite graph B(A,V, E), where198

A denotes the set of actor vertices, V denotes the199

set of item vertices, and E the edges connecting200

them (Bergmeister et al., 2024-05). Each vertex201

in A and V is associated with textual features, rep-202

resented as XA for actors and X V for items. The203

goal is to simulate the real-world evolution of B204

into a larger graph B′ over time, where |A′| ≫ |A|,205

|V ′| ≫ |V|, or |E ′| ≫ |E|, while preserving graph206

macroscopic and microscopic properties.207

To achieve this, we propose the GAG framework,208

which simulates actor-item interactions in human209

activities over K rounds of simulation. Leverag-210

ing the role-playing capabilities of LLMs (Li et al.,211

2023; Park et al., 2023), we construct n LLM-based212

agents to form the set A = {a1, a2, . . . , an}, simu-213

lating diverse actor entities such as authors, movie214

watchers, or social media users. Simultaneously,215

the item set V = {v1, v2, . . . , vm} is initialized 216

with m item entities, including papers, tweets, or 217

movies, which is managed by an item agent. The 218

simulation begins with an initial text-attributed bi- 219

partite graph B0, which serves as the seed graph. 220

B0 evolves into BK after K simulation rounds. 221

For the k-th simulation round, k ∈ [K], the GAG 222

framework employs a three-step simulation work- 223

flow, as illustrated in Figure 1: 224

(1) Node Formulation: Given Bk−1 as input, the 225

item set Vk−1 and agent set Ak−1 is initialized from 226

Bk−1; while an actor sub-set (Ãk, X̃
A
k ) of pre-set 227

size is initialized for each simulation round. The 228

graph updating process is as follows: 229

Ak = Ak−1 ∪ Ãk,

XA
k = XA

k−1 ∪ X̃A
k .

(1) 230

(2) Interaction Simulation: Agents engage in 231

pair-wise interactions within a virtual environment. 232

Each interaction process generate an edge sub-set 233

Ẽk, and an item sub-set (Ṽk, X̃
V
k ). The graph up- 234

dating process is as follows: 235

Vk = Vk−1 ∪ Ṽk,

XV
k = XV

k−1 ∪ X̃V
k ,

Ek = Ek−1 ∪ Ẽk.

(2) 236

(3) Graph Projection: The resulting graph Bk 237

is folded along specific node types or edge types, 238

deriving various unipartite or multipartite graphs 239

for subsequent analysis. 240
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3.2 Node Formulation241

The underlying idea behind GAG is that in social242

graphs there are two types of entities — actors and243

items — that are related by pairwise interactions.244

Given Bk−1 as input, to facilitate execution of the245

k-th simulation round, we first initialize these two246

node types respectively.247

Item Node We first collect the text feature rep-248

resentation of item nodes in Bk−1. Specifically,249

we denote the j-th item node as vj,k−1, the textual250

feature associated as xVj,k−1. To construct xVj,k−1,251

we leverage an item template that maps each item252

node to its corresponding real-world textual repre-253

sentation (Feng et al., 2024). This representation254

includes the node’s textual features, with optional255

incorporation of 1-hop actor-item edge attributes.256

For example, a paper entity is described using node257

textual features such as its title, topic, abstract, and258

neighboring edges, such as the authors writing the259

paper. Details of the item prompt template are260

provided in Appendix A.1.261

Actor Node The textual features associated with262

actor nodes in Bk−1 are denoted as XA
k−1. For263

the k-th simulation round, LLMs are prompted to264

generate a pre-set number of role-playing synthetic265

profiles, denoted as X̃A
k . The number is fixed or266

proportional to the actor set size. These profiles267

capture various aspects of human personal informa-268

tion, such as research interests, institutional affili-269

ations, and social graph connections. The profile270

prompt template is detailed in Appendix A.1. Con-271

sequently, the textual features of actor nodes in272

Bk are obtained as: XA
k = {XA

k−1 ∪ X̃A
k }, where273

XA
k = {xAi,k, i ∈ [n]}. Given XA

k , GAG leverages274

LLM-based agents to instantiate actor nodes. The275

textual feature xAi,k forms the characterized pro-276

file for ai,k. Collectively, these LLM-based agents277

form the actor node set Ak of the bipartite graph.278

To enable adaptive learning from past inter-279

actions, each LLM-based agent ai,k is equipped280

with a memory component that records its activ-281

ity history. We organize the memory using re-282

flection (Shinn et al., 2023) and summarization283

techniques. Moreover, we adopt the action state284

(active or idle) to control each agent’s interaction285

frequency. In real-world scenarios, human activ-286

ity often follows a Pareto distribution (Guo et al.,287

2009), where approximately 20% of users account288

for 80% of the total activity. We employ two ap-289

proaches to determine the action state of each agent:290

1. A fixed number of Ak is randomly sampled as ac- 291

tive agents. 2. We first label the top 20% agents as 292

core, while the remaining agents as regular based 293

on action history. These labels, combined with 294

action history, are input to the LLM to determine 295

each actor’s action state each round. 296

3.3 Interaction Simulation 297

Our motivating example is the social networks that 298

emerge from search engine queries (Lattanzi and 299

Sivakumar, 2009). These queries enable actors to 300

filter partial observations from the entire item set. 301

We first simulate this interaction process in a virtual 302

environment, forming the edge set Ẽk and a new 303

item set Ṽk for each simulation round. To enhance 304

efficiency, we further optimize the simulation pro- 305

cess with parallel acceleration. 306

Interaction Process In real-world scenarios, hu- 307

mans rely on search engines to obtain efficient 308

and targeted environment observations (Yau et al., 309

2020). Inspired by this, we propose the Simulation- 310

Oriented Retrieval Augmented Generation (S- 311

RAG) framework. For the k-th simulation round, 312

active actor ai,k is provided with an item subset as 313

environment observation, denoted as Oi,k, Oi,k ⊆ 314

Vk−1. Following traditional RAG (Cuconasu et al., 315

2024), S-RAG is divided into three processes as 316

shown in Algorithm 1: 317

Algorithm 1 S-RAG for the k-th simulation round.
Require: Item Set Vk−1, Large Language

ModelLLM.
1: Ṽk = ∅, Ẽk = ∅, X̃V

k = ∅,
2: for i ∈ [n] do
3: if ai,k is active then Qi,k = LLM(ai,k |

memory),
4: else continue
5: end if
6: Oi,k = ∅,
7: for q ∈ Qi,k do
8: Oi,k,q = RECALL(q, Vk−1),
9: Oi,k,q = RERANKING(Oi,k,q, ai,k),

10: Oi,k = Oi,k ∪Oi,k,q,
11: end for
12: Ṽi,k, Ẽi,k, X̃V

i,k,= LLM(ai,k | Oi,k),

13: Ṽk = Ṽk ∪ Ṽi,k,

14: X̃V
k = X̃V

k ∪ X̃V
i,k,

15: Ẽk = Ẽk ∪ Ei,k,
16: end for
17: return Ṽk, X̃

V
k , Ẽk.
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(1) Index Process: Given the item textual318

features XV
k−1 = {xVj,k−1}, j ∈ [m], where319

each xVj,k−1 is stored as a text document. We320

first convert these textual features into a set of321

embedding vectors EV
k−1 using an embedding322

model encoder(·). The process involves transform-323

ing each xVj,k−1 into a d-dimensional embedding:324

eVj,k−1 = encoder(xVj,k−1) ∈ Rd, j ∈ [m]. We325

store these vectors in a vector database (Douze326

et al., 2024), managed by the item agent. This pro-327

cess constructs an environment for actors, thereby328

providing them with item observations.329

(2) Query Process: For actor node ai,k in an330

active state, it can freely access environmental in-331

formation. To obtain the most relevant items, the332

actor first reflects on its memory, which serves as333

input to the LLM to create a query set Qi,k, which334

contains descriptive keywords. For each query335

q ∈ Qi,k, we first convert q into an embedding336

vector: eq = encoder (q). Next, we specify the337

desired number of retrieved feedbacks as Nr and338

retrieve top Nr items, denoted as Oi,k,q. The re-339

trieved feedbacks for all queries collectively form340

the observation: Oi,k =
⋃

q∈Qi,k
Oi,k,q. Specif-341

ically, the retrieving process of Oi,k,q has two342

stages:343

1. In the Recall stage, we filter out the top Nr344

items by measuring the embedding similarity be-345

tween XV
k−1 and q:346

Oi,k,q = topNr(q)vj,k−1∈Vk−1
Sim

(
q, xVj,k−1

)
,347

Sim
(
q, xVj,k−1

)
=

eq · eVj,k−1

∥eq∥ ·
∥∥∥eVj,k−1

∥∥∥ , j ∈ [m].348

2. In the ReRanking stage, we refine and orga-349

nize Oi,k,q according to the attribute of the active350

actor, which is divided into two phases: (1) Coarse351

Ranking: Items are reordered to prioritize those352

created by core actors. (2) Fine Ranking: Items353

are further reordered based on the actor’s personal354

preferences. For example, for author-actor with355

expertise in AI, items focused on AI are prioritized356

in Oi,k,q. The ReRanking hyperparameters are de-357

tailed in Appendix A.2.358

(3) Generation Process: In real-world scenar-359

ios, based on feedback from search engine queries,360

the actor acts according to the feedback. For exam-361

ple, in the context of author-paper interaction, the362

authors may generate a new paper and reference363

searched papers based on their perception of the en-364

vironment. To mimic this process, we instruct ai,k365

using an action template to perform various actions. 366

Each action forms an item-actor edge, where the 367

action type determines the edge label. The action 368

types for different simulation scenarios are listed 369

in Appendix A.2. For creation action, the actor ai,k 370

additionally creates a new item node during the in- 371

teraction, denoted as x̃Vi,k (textual feature) and ṽi,k 372

(item node). Moreover, the memory of active actor 373

nodes is updated simultaneously with the action 374

history, further refining their perception of the en- 375

vironment. Across all active agents, the interaction 376

edges collectively form Ẽi,k, while the created item 377

nodes form Ṽi,k and X̃V
i,k. As a result, the bipartite 378

graph is updated accordingly. 379

Parallel Acceleration The S-RAG enables the 380

modeling of actor-item interaction processes in real- 381

world scenarios. However, there remains technical 382

barriers in supporting interaction simulation at the 383

scale of n = 1e5. Additionally, we note that the 384

inference time of LLMs is substantial, leading to 385

prolonged IO wait times for idle LLM-based actor 386

agents. Various solutions have been proposed to ad- 387

dress this issue, such as async (Kansal, 2024) and 388

actor architecture (Gao et al., 2024). We adopt the 389

parallel processing technique (Gao et al., 2024). As 390

highlighted by (Clauset et al., 2004), network struc- 391

tures often display tightly connected communities 392

with loosely connected inter-community links. In 393

GAG, we categorize agents into distinct groups 394

based on strong internal interactions and weaker 395

inter-group interactions. Specifically, each active 396

actor agent form a group with the item agent. These 397

groups run in parallel on CPU cores with P ports. 398

The implementation details in Appendix A.2. 399

3.4 Graph Projection 400

B0 progressively evolves into BK after K rounds 401

of interaction simulations. For bipartite graphs, 402

different projected sub-graphs are folded based 403

on node and edge types. The sub-graph, de- 404

noted as G(Vs, Es), evolves via the evolution of 405

B. Textual features associated with Vs is repre- 406

sented as X V s. Following established folding rules 407

in network science research, the sub-graphs em- 408

body different semantic interpretations. For in- 409

stance, in an author-paper bipartite graph, select- 410

ing paper nodes and deriving paper-paper citation 411

edges—i.e., hop-2 edges (paper-author-paper) in 412

the bipartite graph—yields a paper citation network. 413

Folding rules for different domains are provided in 414

Appendix A.3. 415
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4 Experiment416

In network science, there has long been an interest417

in graph structures that emerge within scientific,418

technological, and sociological contexts (Leskovec419

et al., 2007). To evaluate our framework, we sim-420

ulate graph generation across three representative421

domains: (1) Scientific Context (SC): This domain422

models the dissemination of ideas, theories, and re-423

sults in science. The simulation involves an author424

actor set interacting with a paper set, producing425

citation, bibliographic coupling, co-citation, au-426

thor citation, and co-authorship networks (Garfield,427

2000). Simulation terminates at the citation net-428

work reaching 1e4 nodes. (2) Technological Con-429

text (TC): This domain models customer-product430

interactions in digital commerce. The simulation431

involves a user actor set interacting with a movie432

set, producing movie rating and user projection net-433

works (Zhou et al., 2007). Simulation terminates434

at the movie rating network reaching 1e5 edges.435

(3) Socialogical Context (SoC): This domain mod-436

els interpersonal communications in online social-437

media platform. The simulation involves an user438

actor set interact with tweet item set on platforms439

like Twitter, producing follow, friend, and action440

networks (De Domenico et al., 2013). In addition441

to graph expansion, GAG can also generate graphs442

from scratch using LLM-generated graph textual443

features, eliminating the need for external data col-444

lection. We employ this method in SoC. Simulation445

terminates after 5 rounds.446

Evaluation Protocol To evaluate the effective-447

ness of the GAG, we assess three key aspects: First,448

we compare the generated graph structures with449

real-world networks at both macro and micro scales.450

Next, we evaluate the effectiveness of graph textual451

features with the GNN benchmarking task. Finally,452

we assess the scalability of GAG in terms of gener-453

ation scale and efficiency. Details on the evaluation454

hyperparameters and metrics are provided in Ap-455

pendix B.1.456

4.1 Graph Structure Alignment457

In this paper, we investigate the generated graph458

structures from both macro and micro perspectives:459

At the macro level, we examine the graph struc-460

ture dynamics in the graph evolution and align our461

observations with established network science the-462

ories. At the micro level, we compare GAG to463

existing graph generation models in capturing mi-464

cro graph structural characteristics.465

Macro-Level Evaluation For macro-level struc- 466

tural characteristic alignment, we examine three 467

structural characteristics observed in real-world net- 468

works (Albert and Barabási, 2002): power-law dis- 469

tribution, small-world phenomenon and shrinking 470

diameter. Four additional structural characteristics 471

are detailed in Appendix B.2.
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Figure 2: The power-law Distribution of degrees in gen-
erated graphs. The degree k is plotted against the prob-
ability density function Pk on a log-log scale, where
α denotes the exponent parameter, kmin represents the
cut-off k (Alstott et al., 2014).

472
(1) Power-law Distribution: The degree dis- 473

tribution of scale-free networks often follows a 474

power-law distribution (Barabási and Albert, 1999), 475

which is commonly observed in citation networks 476

and social networks. In simulations with GAG, the 477

generated citation, author-citation, and action net- 478

works also exhibit this characteristic. We adhere 479

to the established criteria for evaluating whether 480

the network degree distribution follows a power 481

law: Dk < 0.1 (Alstott et al., 2014). As shown in 482

Figure 2, the degree distribution of these networks 483

follow a power-law distribution with exponent pa- 484

rameter (Clauset et al., 2009) α ∈ [1.90, 2.16]. 485

(2) Small World Phenomenon: Real-world net- 486

works exhibit a small world phenomenon (Mislove 487

et al., 2007; Watts and Strogatz, 1998), character- 488

ized by a small diameter and a high clustering co- 489

efficient. Table 1 compares the c̄c of the generated 490

graphs with that of the random graphs with con- 491

sistent average degree: Erdős-Rényi (Erdos et al., 492

1960) and Barabási-Albert graphs (Barabási and 493

Albert, 1999). The results indicate that generated 494

social graphs (i.e., follow, friend, and action net- 495

works), exhibit a significantly higher c̄c than those 496

of the random graphs, confirming these networks 497

exhibit small-world characteristics. 498

(3) Shrinking Diameter: The shrinking di- 499

ameter is a notable phenomenon in social 500

graphs (Leskovec et al., 2007), with De decreases 501

as the network evolves over time. We construct 502
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Table 1: c̄c of the generated networks, and the ratio to
Erdös-Rényi and Barabási-Albert graph model. A dash
(—) signifies that c̄c = 0 for the graph model.

Graph Scale Ratio to Random Graphs

|Vs| |Es| Erdös-Rényi Barabási-Albert

Paper Citation 1.14e+04 3.63e+04 301.08 —
Bib-Coupling 1.09e+04 1.22e+07 7.46 4.40
Co-Citation 3.93e+03 3.27e+04 275.97 44.87
Author Citation 5.01e+03 2.41e+05 39.82 11.19
Co-Authorship 5.01e+03 2.08e+04 234.81 17.59
Action 9.97e+04 9.07e+05 784.93 73.97
Follow 9.96e+04 1.53e+06 3961.83 443.80
Friend 9.96e+04 5.01e+05 19768.58 1391.47
Movie Rating 4.17e+03 3.25e+04 0.00 0.00
User Projection 3.91e+03 9.04e+05 5.78 2.82

SoC with N = 7000, and investigate the graph evo-503

lution processes of follow, friend, and action net-504

works for 30 simulation rounds. We calculate the505

effective diameter De for both the generated graphs506

and real-world network: CAIDA1. As shown in507

Figure 3a, De decreases at a slow pace, identical508

to the trend observed in (Leskovec et al., 2007)509

and CAIDA. To explain shrinking diameter, Forest510

Fire model (Leskovec et al., 2007) employs a mod-511

ified preferential attachment mechanism, referred512

to as community-guided attachment. In GAG, the513

ReRanking process enhances personalized recom-514

mendations. We conduct an ablation experiment to515

assess the effect of the ReRanking. As shown in516

Figure 3b, we observe an initial increase in De fol-517

lowed by a rapid decline. Notably, upon removing518

the ReRanking, the De trends upwards from 2.6 to519

2.96, indicating that ReRanking fosters community-520

guided attachment.

0 3 5
Time

3

4

D
e

Action Net.
Follow Net.

CAIDA

(a) w.ReRanking

0 10 20
Time

0

10

20

D
e

w.o. ReRanking
w. ReRanking

(b) w.o. ReRanking

Figure 3: The Shrinking Diameter phenomenon simu-
lated by GAG; The left figure demonstrates that as the
graph evolves, De gradually decreases in action and
follows networks; The right figure presents an ablation
experiment of the ReRanking, demonstrating its effect
on De in friend network.

521
Micro-Level Evaluation For micro-level graph522

structure alignment, we compare GAG against523

1https://sparse.tamu.edu/SNAP/as-caida

existing models for large-scale graph generation. 524

Specifically, we partition the CiteSeer network (Sen 525

et al., 2008) into G<t and G>t based on time t. 526

Small subgraphs from G<t are expanded and com- 527

pared to the larger subgraphs of G>t, evaluating 528

the model capabilities in modeling graph evolution. 529

We define the Valid metric to measure the propor- 530

tion of valid expanded power-law graphs and the 531

GEM metric to evaluate the overall graph structure 532

effectiveness. Details of datasets and metrics are 533

provided in Appendix B.3. As shown in Table 2, 534

apart from the Barabási-Albert model, the graphs 535

generated by GAG also adhere to a power-law dis- 536

tribution with α = 2.39. In contrast, deep-learning- 537

based models tend to overfit the seed graph and fail 538

to generate graphs that accurately follow the power- 539

law distribution. Surprisingly, GAG outperforms 540

most baseline models in MMD metrics, which is 541

notable given that no graph structure constraints 542

are imposed on the LLM-based agents during edge 543

creation. Regarding GEM, GAG surpasses the best- 544

performing baseline by 11%. This suggests that 545

GAG effectively simulates human behavior pat- 546

terns, generating graphs that closely resemble the 547

structural characteristics of real-world networks. 548

4.2 Textual Feature Alignment 549

GAG generates text-rich dynamic graphs by collect- 550

ing actor-item interaction data, simulating the pro- 551

cess of distilling textual information into structured 552

representations that resemble real-world networks. 553

To evaluate whether the generated graphs preserve 554

the text-structure correlations of the seed graph, we 555

adopt Graph Neural Networks (GNNs) benchmark- 556

ing tasks of node classifications (Yoon et al., 2023). 557

Specifically, we train different GNN architectures 558

on both the generated graph and the original graph, 559

measuring the accuracy gap between the two, de- 560

noted as ∆Acc. A smaller ∆Acc indicates better 561

preservation of the text-structure correlations. For 562

benchmarking, we select four representative GNN 563

architectures and construct graphs with eight dis- 564

tinct relationships between graph structures and tex- 565

tual features. Details of the experimental setup are 566

provided in Appendix C. As shown in Table 3, the 567

random baselines perform the worst, highlighting 568

the importance of modeling the tight coupling be- 569

tween graph textual feature and structure. Existing 570

models such as GRAN and GraphMaker demon- 571

strate strong performance in GNN benchmarking 572

tasks, consistent with the findings in (Li et al., 573

2024a). However, GAG consistently outperforms 574
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Table 2: Comparison with existing graph generation models for graph expansion task. For GRAN and GraphMaker,
the generated graphs fail to converge to a power-law distribution.

MMD.D↓ MMD.C↓ MMD.S↓ MMD.O↓ Dk α Valid↑ GEM

CiteSeer - - - - 0.06±0.0 2.38±0.0 1.0 -

Erdös-Rényi 0.26 1.41 0.56 1.41 0.1±0.01 3.72±0.13 0.0 0.34
Barabási-Albert 0.20 1.41 0.26 1.02 0.04±0.01 2.38±0.04 1.0 0.42
Small-World 0.72 1.36 0.59 1.41 0.42±0.01 2.03±0.0 0.0 0.32
BiGG 0.63 1.13 0.65 1.23 0.27±0.01 1.69±0.01 0.0 0.33
GRAN 0.36 0.55 0.72 1.41 - 4.16±0.39 0.0 0.36
BwR 0.49 1.41 0.66 1.41 0.07±0.09 4.46±0.02 0.0 0.32
GraphMaker 0.47 1.41 0.83 1.41 - - 0.0 0.22
L-PPGN 0.76 1.19 0.78 1.05 0.39±0.03 1.36±0.02 0.0 0.33
GAG 0.16 0.19 0.32 1.02 0.08±0.01 2.37±0.03 1.0 0.47

Table 3: Benchmarking different graph generation mod-
els on the node classification task.

∆ACC ↓

GAT GCN GCNII GraphSage

SF.random 13.4±3.5 15.0±2.0 9.6±0.9 7.0±0.9

F.random 24.1±2.8 23.2±2.3 9.3±1.4 7.1±1.7

S.random 18.9±2.5 21.8±2.0 2.2±1.6 3.2±1.8

BiGG.L 39.4±4.5 34.1±6.6 4.7±4.4 3.4±3.5

GRAN.L 5.3±3.6 6.1±5.1 3.5±3.4 4.4±2.5

BwR.L 35.3±2.9 38.5±4.7 4.8±4.5 7.6±4.3

GraphMaker.L 4.0±3.5 2.8±4.0 3.6±4.2 4.17±4.03

L-PPGN.L 38.4±6.4 32.6±3.5 4±3.6 3.9±3.8

GAG 2.3±1.2 3.6±1.3 0.5±1.5 0.1±1.7

these baselines, achieving an average improvement575

of 1.45 in ∆Acc across GNNs, with ∆Acc values576

ranging from 0.09 to 3.61. These results demon-577

strate GAG’s effectiveness in capturing intricate578

text-structure correlations.579

4.3 Scalability of GAG580

Table 4: The time cost (min) of 40 actor agents to inter-
act once with the item agent.

P SC TC SoC

1 3.6250 0.0683 0.0623
4 0.1470 0.0068 0.0112

16 0.1160 0.0053 0.0109
24 0.0910 0.0054 0.0060

1→24 ↓97.5% ↓92.1% ↓90.4%

We assess GAG scalability in terms of both581

graph generation scale and efficiency. Regarding582

generation scale, as shown in Table 1, GAG sup-583

ports large-scale graph generation of up to nearly584

100,000 nodes in action network, or 12.2 million585

edges in bib-coupling network. In contrast, exist-586

ing graph generation models’re limited to 5,000587

nodes (Bergmeister et al., 2024; Liao et al., 2019)588

or sparse grid graphs (Dai et al., 2020), the detailed 589

comparison with existing graph generation models 590

is presented in Appendix D. Regarding generation 591

efficiency, we evaluate the effectiveness of paral- 592

lel acceleration by examining the impact of P on 593

the runtime performance of the GAG framework. 594

Experiments are conducted on a machine equipped 595

with 96 CPU cores and 376GB of memory. As 596

shown in Table 4, when the number of actor agents 597

(n) is held constant, the time required to generate 598

one item-actor interaction data is reduced by at 599

least 97.5% when P > 1 compared to P = 1. This 600

highlights the effectiveness of parallel acceleration, 601

and the capability of GAG in supporting simulation 602

of large-scale graph evolution. 2 603

5 Conclusion 604

In this study, we present GAG, a novel and gen- 605

eral framework designed for generating dynamic 606

large-scale text-rich graphs with human interaction 607

simulation. The generated graphs exhibit seven 608

macro-level characteristics of real-world networks, 609

including power law, small world and shrinking 610

diameter. In the graph expansion task, GAG sur- 611

passes existing baselines in graph expansion tasks 612

by 11% on specific evaluation metrics. Further- 613

more, we present the S-RAG algorithm for simu- 614

lating diverse human interaction processes at scale, 615

complemented by parallel acceleration for simu- 616

lation speed-up, achieving a speed-up of at least 617

90.4%. Our framework successfully produces high- 618

quality graphs with up to nearly 100,000 nodes 619

or 10 million edges. Overall, GAG represents a 620

promising initial step toward the efficient genera- 621

tion of dynamic, large-scale, text-rich graphs. 622

2We visualize the graph evolution process in https:
//anonymous.4open.science/r/GraphAgent-2206/
visualization/social_network.mp4
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Limitations623

This paper acknowledges several limitations that624

future research could address:625

Behavior Interpretability Though previous626

work has demonstrated that persona-enhanced627

prompting effectively guides LLMs in generating628

distinctive role-play synthetic data (Chan et al.,629

2024), the mechanism of in-context learning re-630

mains a black box. Specifically, it remains unclear631

which prompts instruct agents to exhibit hetero-632

geneous behavior, a challenge in LLM-based sim-633

ulation works. Existing approaches explore the634

prompt-behavior correlation in LLMs through tech-635

niques like Knowledge Circuit (Yao et al., 2024b)636

and SAE-based representation engineering (Zhao637

et al., 2024). In the future, we aim to integrate638

such methods to provide layer-level explanations639

of LLM parameters during the simulation process,640

helping to explain the diverse behaviors of LLM-641

based agents during actor-item interactions.642

Simulation Scenario We acknowledge that643

simulation-based graph generation is currently suit-644

able only for social networks. For domains such645

as point clouds, traffic networks, and molecular646

graphs, GAG is not directly applicable. How-647

ever, as LLMs store a significant amount of fac-648

tual knowledge in their parameters, we believe649

that with the continued development of LLM capa-650

bilities, the simulation of LLM-based agents can651

be extended beyond human behavior to other do-652

mains. For example, LLM-based agents could653

simulate molecular functional groups, interacting654

agent-wise to form chemical bonds, thereby gener-655

ating molecular graphs. Based on this, GAG could656

be expanded to a broader range of applications.657

Ethics Statement658

This work fully complies with the ACL Ethics Pol-659

icy. To the best of our knowledge, we declare that660

there are no ethical issues in this paper.661

References662

Sungsoo Ahn, Binghong Chen, Tianzhe Wang, and663
Le Song. 2021. Spanning tree-based graph gener-664
ation for molecules. In International Conference on665
Learning Representations.666

AI@Meta. 2024. Llama 3 model card.667

Réka Albert and Albert-László Barabási. 2002. Statis-668
tical mechanics of complex networks. Reviews of669
modern physics, 74(1):47.670

Jeff Alstott, Ed Bullmore, and Dietmar Plenz. 2014. 671
powerlaw: a python package for analysis of heavy- 672
tailed distributions. PloS one, 9(1):e85777. 673

Albert-László Barabási and Réka Albert. 1999. Emer- 674
gence of scaling in random networks. science, 675
286(5439):509–512. 676

Andreas Bergmeister, Karolis Martinkus, Nathanaël Per- 677
raudin, and Roger Wattenhofer. 2024. Efficient and 678
scalable graph generation through iterative local ex- 679
pansion. In The Twelfth International Conference on 680
Learning Representations. 681

Andreas Bergmeister, Karolis Martinkus, Nathanaël Per- 682
raudin, and Roger Wattenhofer. 2024-05. Efficient 683
and scalable graph generation through iterative local 684
expansion. s.l. OpenReview. 12th International Con- 685
ference on Learning Representations (ICLR 2024); 686
Conference Location: Vienna, Austria; Conference 687
Date: May 7-11, 2024; Poster presentation. 688

Andrei Broder, Ravi Kumar, Farzin Maghoul, Prabhakar 689
Raghavan, Sridhar Rajagopalan, Raymie Stata, An- 690
drew Tomkins, and Janet Wiener. 2000. Graph struc- 691
ture in the web. Computer Networks, 33(1):309–320. 692

Xin Chan, Xiaoyang Wang, Dian Yu, Haitao Mi, 693
and Dong Yu. 2024. Scaling synthetic data 694
creation with 1,000,000,000 personas. Preprint, 695
arXiv:2406.20094. 696

Serina Chang, Alicja Chaszczewicz, Emma Wang, 697
Maya Josifovska, Emma Pierson, and Jure Leskovec. 698
2024. Llms generate structurally realistic social net- 699
works but overestimate political homophily. Preprint, 700
arXiv:2408.16629. 701

Weize Chen, Yusheng Su, Jingwei Zuo, Cheng Yang, 702
Chenfei Yuan, Chi-Min Chan, Heyang Yu, Yaxi Lu, 703
Yi-Hsin Hung, Chen Qian, Yujia Qin, Xin Cong, 704
Ruobing Xie, Zhiyuan Liu, Maosong Sun, and Jie 705
Zhou. 2024. Agentverse: Facilitating multi-agent 706
collaboration and exploring emergent behaviors. In 707
The Twelfth International Conference on Learning 708
Representations. 709

Aaron Clauset, Mark EJ Newman, and Cristopher 710
Moore. 2004. Finding community structure in very 711
large networks. Physical Review E—Statistical, Non- 712
linear, and Soft Matter Physics, 70(6):066111. 713

Aaron Clauset, Cosma Rohilla Shalizi, and Mark EJ 714
Newman. 2009. Power-law distributions in empirical 715
data. SIAM review, 51(4):661–703. 716

Florin Cuconasu, Giovanni Trappolini, Federico Sicil- 717
iano, Simone Filice, Cesare Campagnano, Yoelle 718
Maarek, Nicola Tonellotto, and Fabrizio Silvestri. 719
2024. The power of noise: Redefining retrieval for 720
rag systems. In Proceedings of the 47th International 721
ACM SIGIR Conference on Research and Develop- 722
ment in Information Retrieval, SIGIR 2024. ACM. 723

9

https://github.com/meta-llama/llama3/blob/main/MODEL_CARD.md
https://openreview.net/forum?id=2XkTz7gdpc
https://openreview.net/forum?id=2XkTz7gdpc
https://openreview.net/forum?id=2XkTz7gdpc
https://openreview.net/forum?id=2XkTz7gdpc
https://openreview.net/forum?id=2XkTz7gdpc
https://doi.org/10.1016/S1389-1286(00)00083-9
https://doi.org/10.1016/S1389-1286(00)00083-9
https://doi.org/10.1016/S1389-1286(00)00083-9
https://arxiv.org/abs/2406.20094
https://arxiv.org/abs/2406.20094
https://arxiv.org/abs/2406.20094
https://arxiv.org/abs/2408.16629
https://arxiv.org/abs/2408.16629
https://arxiv.org/abs/2408.16629
https://openreview.net/forum?id=EHg5GDnyq1
https://openreview.net/forum?id=EHg5GDnyq1
https://openreview.net/forum?id=EHg5GDnyq1
https://doi.org/10.1145/3626772.3657834
https://doi.org/10.1145/3626772.3657834
https://doi.org/10.1145/3626772.3657834


Hanjun Dai, Azade Nazi, Yujia Li, Bo Dai, and Dale724
Schuurmans. 2020. Scalable deep generative model-725
ing for sparse graphs. In International conference on726
machine learning, pages 2302–2312. PMLR.727

Nicola De Cao and Thomas Kipf. 2018. Molgan: An728
implicit generative model for small molecular graphs.729
arXiv preprint arXiv:1805.11973.730

Manlio De Domenico, Antonio Lima, Paul Mougel, and731
Mirco Musolesi. 2013. The anatomy of a scientific732
rumor. Scientific reports, 3(1):2980.733

Giordano De Marzo, Luciano Pietronero, and David734
Garcia. 2023. Emergence of scale-free networks735
in social interactions among large language models.736
arXiv preprint arXiv:2312.06619.737

Nathaniel Lee Diamant, Alex M Tseng, Kangway V738
Chuang, Tommaso Biancalani, and Gabriele Scalia.739
2023. Improving graph generation by restricting740
graph bandwidth. In International Conference on741
Machine Learning, pages 7939–7959. PMLR.742

Matthijs Douze, Alexandr Guzhva, Chengqi Deng, Jeff743
Johnson, Gergely Szilvasy, Pierre-Emmanuel Mazaré,744
Maria Lomeli, Lucas Hosseini, and Hervé Jégou.745
2024. The faiss library. Preprint, arXiv:2401.08281.746

Yuanqi Du, Xiaojie Guo, Hengning Cao, Yanfang Ye,747
and Liang Zhao. 2022a. Disentangled spatiotem-748
poral graph generative models. In Proceedings of749
the AAAI Conference on Artificial Intelligence, vol-750
ume 36, pages 6541–6549.751

Yuanqi Du, Xiaojie Guo, Amarda Shehu, and Liang752
Zhao. 2022b. Interpretable molecular graph gener-753
ation via monotonic constraints. In Proceedings of754
the 2022 SIAM International Conference on Data755
Mining (SDM), pages 73–81. SIAM.756

Yuanqi Du, Xiaojie Guo, Yinkai Wang, Amarda Shehu,757
and Liang Zhao. 2022c. Small molecule generation758
via disentangled representation learning. Bioinfor-759
matics, 38(12):3200–3208.760

Paul Erdos, Alfréd Rényi, et al. 1960. On the evolution761
of random graphs. Publ. math. inst. hung. acad. sci,762
5(1):17–60.763

Jiarui Feng, Hao Liu, Lecheng Kong, Yixin Chen,764
and Muhan Zhang. 2024. Taglas: An atlas of text-765
attributed graph datasets in the era of large graph and766
language models. Preprint, arXiv:2406.14683.767

James H. Fowler and Nicholas A. Christakis. 2010.768
Cooperative behavior cascades in human social net-769
works. Proceedings of the National Academy of Sci-770
ences, 107(12):5334–5338.771

Chen Gao, Xiaochong Lan, Nian Li, Yuan Yuan, Jingtao772
Ding, Zhilun Zhou, Fengli Xu, and Yong Li. 2023.773
Large language models empowered agent-based mod-774
eling and simulation: A survey and perspectives.775
arXiv preprint arXiv:2312.11970.776

Dawei Gao, Zitao Li, Weirui Kuang, Xuchen Pan, 777
Daoyuan Chen, Zhijian Ma, Bingchen Qian, Liuyi 778
Yao, Lin Zhu, Chen Cheng, et al. 2024. Agentscope: 779
A flexible yet robust multi-agent platform. arXiv 780
preprint arXiv:2402.14034. 781

Eugene Garfield. 2000. The web of knowledge: a 782
festschrift in honor of Eugene Garfield. Information 783
Today, Inc. 784

Lei Guo, Enhua Tan, Songqing Chen, Xiaodong Zhang, 785
and Yihong Zhao. 2009. Analyzing patterns of user 786
content generation in online social networks. In Pro- 787
ceedings of the 15th ACM SIGKDD international 788
conference on Knowledge discovery and data mining, 789
pages 369–378. 790

F. Maxwell Harper and Joseph A. Konstan. 2015. The 791
movielens datasets: History and context. ACM Trans. 792
Interact. Intell. Syst., 5(4). 793

F. Maxwell Harper, Joseph A. Konstan, and Joseph A. 794
2016. The movielens datasets: History and context. 795
ACM Trans. Interact. Intell. Syst., 5:19:1–19:19. 796

Carl Hewitt, Peter Bishop, and Richard Steiger. 1973. 797
A universal modular actor formalism for artificial 798
intelligence. In Proceedings of the 3rd International 799
Joint Conference on Artificial Intelligence, IJCAI’73, 800
page 235–245, San Francisco, CA, USA. Morgan 801
Kaufmann Publishers Inc. 802

Nathan O. Hodas, Farshad Kooti, and Kristina Ler- 803
man. 2013. Friendship paradox redux: Your 804
friends are more interesting than you. Preprint, 805
arXiv:1304.3480. 806

Shion Honda, Hirotaka Akita, Katsuhiko Ishiguro, 807
Toshiki Nakanishi, and Kenta Oono. 2019. Graph 808
residual flow for molecular graph generation. arXiv 809
preprint arXiv:1909.13521. 810

Wengong Jin, Regina Barzilay, and Tommi Jaakkola. 811
2018. Junction tree variational autoencoder for 812
molecular graph generation. In International confer- 813
ence on machine learning, pages 2323–2332. PMLR. 814

Jaehyeong Jo, Seul Lee, and Sung Ju Hwang. 2022. 815
Score-based generative modeling of graphs via the 816
system of stochastic differential equations. In In- 817
ternational conference on machine learning, pages 818
10362–10383. PMLR. 819

Don H Johnson. 2006. Signal-to-noise ratio. Scholarpe- 820
dia, 1(12):2088. 821

Aarushi Kansal. 2024. LangChain: Your Swiss Army 822
Knife, pages 17–40. Apress, Berkeley, CA. 823

Wataru Kawai, Yusuke Mukuta, and Tatsuya Harada. 824
2019. Scalable generative models for graphs 825
with graph attention mechanism. arXiv preprint 826
arXiv:1906.01861. 827

Mahdi Khodayar, Jianhui Wang, and Zhaoyu Wang. 828
2019. Deep generative graph distribution learn- 829
ing for synthetic power grids. arXiv preprint 830
arXiv:1901.09674. 831

10

https://arxiv.org/abs/2401.08281
https://arxiv.org/abs/2406.14683
https://arxiv.org/abs/2406.14683
https://arxiv.org/abs/2406.14683
https://arxiv.org/abs/2406.14683
https://arxiv.org/abs/2406.14683
https://doi.org/10.1073/pnas.0913149107
https://doi.org/10.1073/pnas.0913149107
https://doi.org/10.1073/pnas.0913149107
https://doi.org/10.1145/2827872
https://doi.org/10.1145/2827872
https://doi.org/10.1145/2827872
https://api.semanticscholar.org/CorpusID:16619709
https://arxiv.org/abs/1304.3480
https://arxiv.org/abs/1304.3480
https://arxiv.org/abs/1304.3480
https://doi.org/10.1007/979-8-8688-0205-8_2
https://doi.org/10.1007/979-8-8688-0205-8_2
https://doi.org/10.1007/979-8-8688-0205-8_2


Woosuk Kwon, Zhuohan Li, Siyuan Zhuang, Ying832
Sheng, Lianmin Zheng, Cody Hao Yu, Joseph E.833
Gonzalez, Hao Zhang, and Ion Stoica. 2023. Effi-834
cient memory management for large language model835
serving with pagedattention. In Proceedings of the836
ACM SIGOPS 29th Symposium on Operating Systems837
Principles.838

Silvio Lattanzi and D. Sivakumar. 2009. Affiliation839
networks. In Proceedings of the Forty-First Annual840
ACM Symposium on Theory of Computing, STOC841
’09, page 427–434, New York, NY, USA. Association842
for Computing Machinery.843

Seul Lee, Jaehyeong Jo, and Sung Ju Hwang. 2023.844
Exploring chemical space with score-based out-of-845
distribution generation. In International Conference846
on Machine Learning, pages 18872–18892. PMLR.847

Jure Leskovec, Jon Kleinberg, and Christos Faloutsos.848
2007. Graph evolution: Densification and shrink-849
ing diameters. ACM Trans. Knowl. Discov. Data,850
1(1):2–es.851

Guohao Li, Hasan Abed Al Kader Hammoud, Hani852
Itani, Dmitrii Khizbullin, and Bernard Ghanem. 2023.853
Camel: Communicative agents for "mind" explo-854
ration of large language model society. NIPS ’23.855
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A Details of GAG1045

To demonstrate the versatility of the GAG Frame-1046

work, we build three graph generation tasks for1047

different human activities in our experiments, the1048

concrete settings are as follows: (1) SC: In this sce-1049

nario, llm-based agents act as authors interacting1050

with a paper database and generate the following1051

networks: paper citation, bibliographic coupling1052

(bib-coupling), co-citation, author citation, and co-1053

authorship networks (Garfield, 2000). (2) TC: In1054

this scenario, llm-based agents act as reviewers in-1055

teracting with a movie database and generate the1056

following networks: the movie rating and the user1057

projection networks (Zhou et al., 2007). (3) SoC:1058

In this scenario, llm-based agents act as users inter-1059

acting with a twitter-like social media database and1060

generate the following networks: follow, friend,1061

and action networks (De Domenico et al., 2013).1062

A.1 Node Formulation1063

We initilize the original item and actor node set1064

from B0. We use Citeseer as B0 for SC and Movie-1065

lens as B0 for TC. For SoC, we use LLM-generated1066

graph textual features to construct the initial item1067

and actor node set, eliminating the need for external1068

data collection. Further details regarding the con-1069

figuration of the actors and items are summarized1070

in Table 5.1071

Item Node Since the seed graph B0 lacks certain1072

text-rich item nodes and actor nodes (e.g., the Cite-1073

seer dataset is missing author information and arti-1074

cle content), we crawl the necessary node attributes1075

to enrich the text attributes for Citeseer (Sen et al.,1076

2008). The text-enriched dataset is available in the1077

open-source repository.1078

For the k-th (k > 1) simulation round, we em-1079

ploy an item template that maps each item node1080

vj,k−1 to the corresponding text attribute vector1081

xVj,k−1 (Feng et al., 2024). This graph-to-text trans-1082

formation process leverages the node features and1083

optionally considers edge features to enhance the1084

representation. For instance, in a citation network,1085

graph nodes represent academic papers, whereas1086

in a movie-rating network, they represent movies.1087

The item templates for each simulation scenario1088

are detailed below:1089

Table 6: The item template of papers in SC.

Node Feature: Academic paper.
Title: <Title>
Topic: <Topic>
Abstract: <Abstract>
Edge Feature: The citation/writing rela-
tionship connecting papers and authors.

Table 7: The item template of movies in TC.

Node Feature (vi, xi): Movie.
Title: <Title>
Genres: <Genres>
Content: <Movie Abstract>
Edge Feature: The movie rating data con-
necting watchers and movies.

Table 8: The item template of tweets in SoC.

Node Feature (vi, xi): Tweets.
Tweet ID: <Tweet ID>
User: <Tweet User>
Tweet: <Tweet Content>
Edge Feature: The tweet history connect-
ing tweets and tweet users.

Actor Node In the k-th simulation round, we gen- 1090

erate a specified number of role-playing synthetic 1091

profiles, referred to as X̃A
k . For the various sim- 1092

ulation scenarios, we develop LLM-based agents 1093

to form the actor node set, each assigned distinct 1094

roles such as paper authors, movie watchers, or 1095

Twitter users. These agents engage with an item 1096

set through a predefined set of actions. 1097

Each round includes the addition of profiles, with 1098

30 actor profiles for the SC simulation and 25 for 1099

the SoC simulation. For the TC simulation, ac- 1100

tor profiles are dynamically added based on node 1101

timestamp information from the Movielens. The 1102

prompts used for profile generation are outlined in 1103

Table 22, Table 23, Table 24. 1104

To determine the action state of each agent, we 1105

employ two distinct strategies. For the SC simula- 1106

tion, the number of active agents is proportional to 1107
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Table 5: The type of actors and items for different simulation scenarios.

Scenario Seed Graph Actor Type Item Type Action Type

SC
Citeseer (Sen et al., 2008), Paper Author Papers Creation, Citation
Cora (Sen et al., 2008)
LLM-Generated

TC
Movielens (Harper et al., 2016), Movie Watcher Movies Rating
LLM-Generated

SoC LLM-Generated Twitter User Tweets Tweet, Retweet, Reply, Follow

the number of papers created in that round (set at1108

50). For the TC simulation, all actors remain ac-1109

tive. For the SoC simulation, we use a different ap-1110

proach. Since in online social media networks, the1111

influence of content shared can vary significantly1112

between core users (those with a higher level of en-1113

gagement or influence) and general users. Research1114

indicates that core users typically make up around1115

20% of the entire user base in a social graph, fol-1116

lowing the Pareto distribution principle (Mislove1117

et al., 2007; Mou et al., 2024). We categorize the1118

core users as agents labeled as core, denoted as1119

HUB. This characterization allows us to analyze1120

the dynamics of influence within simulated environ-1121

ments. We further explore variations by adjusting1122

the ratio of LLM-based agents designated as core1123

in Appendix E.2.1124

A.2 Interaction Simulation1125

Interaction Process In the k-th simulation round,1126

to identify the most relevant information for ai,k,1127

we propose the S-RAG algorithm. As actor is1128

prompted to give the intial query set Qi,k, we col-1129

lect the feedback Oi,k,q for every query q ∈ Qi,k.1130

These feedbacks collectively form the environment1131

feedback set Oi,k. For detailed explanation of the1132

query process for one query to obtain Oi,k,q in S-1133

RAG:1134

1. In the recall stage, we initially retrieve Oi,k,q1135

as the candidate documents, which serves as the1136

initial environmental feedback. This step we filter1137

out Nr candidate documents.1138

2. In order to align Oi,k,q with agent’s personal1139

preference more accurately, we adopt the rerank-1140

ing stage for post-processing of Oi,k,q, which is1141

divided into two phases: (1) Coarse Ranking: We1142

reorder Oi,k,q based on whether the interaction data1143

was generated by agents labeled as core. Candidate1144

documents originating from core agents are posi-1145

tioned at the forefront of Oi,k,q, while those from1146

non-core agents are placed towards the end. (2) 1147

Fine Ranking: We further reorganize Oi,k,q based 1148

on the personal preferences of the agents. For SC 1149

simulation, the filter items include topics of the aca- 1150

demic papers; for TC simulation, the filter items 1151

include movie genres; and for SoC simulation, the 1152

filter items include attributes of posted tweets, such 1153

as friends, topics, and follows. Ablation study on 1154

the filter items is detailed in Appendix. E.2. 1155

3. In the generation stage, we prompted actor 1156

nodes to act accordingly based on their observa- 1157

tions. To this end, we define different action prompt 1158

templates based on the simulation scenario. The 1159

action prompt templates are defined in Table 19, 1160

Table 20, and Table 21. 1161

Parallel Acceleration To enhance the simulation 1162

speed of GAG, we propose Nested-ACTOR based 1163

on the traditional actor architecture (Hewitt et al., 1164

1973). As highlighted by (Clauset et al., 2004), 1165

network structures often exhibit densely connected 1166

communities with weaker inter-community links. 1167

To exploit this characteristic, the primary goal is 1168

to categorize agents into groups, each defined by 1169

an active actor agent paired with an item agent, 1170

thereby enabling parallel execution across these 1171

groups. We initialize a supervisor agent to manage 1172

the agents within each group, with each supervi- 1173

sor actor assigned to a different CPU core of the 1174

computational machine. Between groups, the item 1175

agent and active actor agent share a single mes- 1176

sage queue to facilitate intra-group message pro- 1177

cessing. Within groups, supervisor actors manage 1178

inter-group parallel message processing. Agents 1179

within a single group only need to account for the 1180

I/O wait times of other agents in that group, rather 1181

than waiting on all agents in the system. 1182

A.3 Graph Projection 1183

In various simulation scenarios, B0 progressively 1184

evolves into BK after K rounds of interaction sim- 1185
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ulations. As defined in Table 5, the bipartite graph1186

are marked by nodes and edges of different types.1187

Specifically, the action type marks the edge type;1188

the item and actor type marks the node type; and1189

the associated textual attribute marks the node at-1190

tribute. The sub-graph, denoted as G(Vs, Es), is1191

projected by BK . Following established folding1192

rules in network science research, the sub-graphs1193

embody different semantic interpretations.1194

In the context of SC, following action template1195

in Table 19, each time the author generates a paper1196

and references other papers. To fold graphs from1197

the pair-wise interaction process, we define the1198

following mapping functions:1199

1. Paper Citation: Let Vs represents the set of1200

papers, Es represents the one paper is cited by1201

another paper of one author, and X V s signify1202

the textual attributes of each paper.1203

2. Bib Coupling: Let Vs represents the set of1204

papers, Es represents the relationships where1205

two papers cite the same reference, and X V s1206

encompasses the attributes of the papers.1207

3. Co-citation: Let Vs represents the set of pa-1208

pers, Es represents the relationships where1209

two papers are cited by the same paper, and1210

X V s includes the attributes of the respective1211

papers.1212

4. Author Citation: Let Vs represents the set1213

of authors, Es represents the papers of one1214

author is cited by another author, and X V s1215

refers to the attributes of each author.1216

5. Co-Authorship: Let Vs represents the set of1217

authors, Es represents the collaborative rela-1218

tionships between authors, and X V s charac-1219

terizes the attributes of each author.1220

In the context of TC, following action template1221

in Table 20, each time the user generates a movie1222

rating. To fold graphs from the pair-wise inter-1223

action process, we define the following mapping1224

functions:1225

1. Movie Rating: Let Vs represents the movie1226

watchers and the movies, Es represents the1227

movie ratings. For movie watchers, X V s cor-1228

respond to the attributes of movie watchers;1229

for movies, X V s correspond to the attributes1230

of movies.1231

2. User Projection: Let Vs represent the movie 1232

watchers, Es represents the movie watcher 1233

relationships who jointly rated movies, and 1234

X V s encompasses the attributes of the movie 1235

watchers. 1236

In the context of SoC, following action template 1237

in Table 21, each time the user generates a tweet 1238

and retweet/reply other tweets and follow other 1239

users. To fold graphs from the pair-wise interaction 1240

process, we define the following mapping func- 1241

tions: 1242

1. Action: Let Vs represent users, Es denote the 1243

edges indicating tweets exchanged between 1244

two users (e.g., retweets, follow, reply ac- 1245

tions), and X V s represent user attributes. 1246

2. Follow: Let Vs represent users, Es denote the 1247

edges indicating a follow relationship between 1248

two users, and X V s represent user attributes. 1249

3. Friend: Let Vs represent users, Es denote the 1250

edges indicating a friend relationship between 1251

two users (i.e., mutual following), and X V s 1252

represent user attributes. 1253

B Graph Structure Alignment 1254

For the LLM backbone, we have chosen the open- 1255

source model of Llama-3-70B(AI@Meta, 2024) 1256

for the large-scale graph generation in macro-level 1257

structure alignment experiment. For micro-level 1258

structure alignment, we select the closed-source 1259

model of GPT-3.5-turbo for a more accurate simu- 1260

lation of human behaviors. Additionally, we select 1261

(Reimers and Gurevych, 2019) 3 as the encoder in 1262

S-RAG. 1263

B.1 Graph Structure Metrics 1264

To measure the structural characteristics of graph, 1265

we use the following structural metrics: 1266

(1) |Vs|: measures the node number of graph Gs. 1267

(2) |Es|: measures the edge number of graph Gs. 1268

(3) c̄c: average clustering coefficient, quantifies 1269

the degree to which nodes in a graph tend to cluster 1270

together 4. 1271

(4) r: assortativity, measures the similarity of 1272

connections in the graph concerning the node de- 1273

gree. 5 1274

3https://huggingface.co/sentence-transformers/all-
MiniLM-L6-v2

4https://en.wikipedia.org/wiki/Clustering_coefficient.
5https://en.wikipedia.org/wiki/Assortativity
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(5) De: effective diameter, defined as the mini-1275

mum number of hops in which a certain percentage1276

(typically 90% or 95%) of all connected node pairs1277

can be reached.1278

As shown in Table 9, we calculate the struc-1279

tural metrics of all generated networks. Similar to1280

the assortative-mixing patterns discovered in real-1281

world networks (Newman, 2002), the citation net-1282

work exhibits negative assortativity, whereas the co-1283

authorship network displays positive assortativity.1284

Moreover, the generated networks exhibit a small1285

diameter, De ∈ [1.17, 11.66], consistent with the1286

six degrees of separation phenomenon observed in1287

real-world networks (Leskovec et al., 2007; Broder1288

et al., 2000). The high c̄c, combined with small1289

De, confirms these networks exhibit small-world1290

characteristics.1291

B.2 Macro-Level Evaluation1292

Periodic Variation of Degree In the simulation1293

scenario of TC, we filter the review data from the1294

Movielens-25M dataset based on the movies listed1295

in the Movielens-1M dataset. We select the top1296

10 ratings for each user and discover a notewor-1297

thy phenomenon: the number of reviews in the1298

rating network exhibits periodic fluctuations over1299

time. By scraping the release dates of the movies1300

and plotting their release frequency, we observe1301

that the periodicity in the release frequency is con-1302

sistent with the fluctuations in the number of re-1303

views. To quantify the periodicity, we selected the1304

signal-to-noise ratio (SNR) (Johnson, 2006) as our1305

metric, considering an SNR greater than 10 dB to1306

indicate strong periodicity and reliability. Further-1307

more, we observe that the degree of the generated1308

rating graph also exhibits periodic variations con-1309

sistent with the release dates of the movies. As1310

illustrated in Figure 4, the SNR of the degree of1311

the rating graph is 12.79 dB, surpassing the 10 dB1312

threshold, thus demonstrating significant periodic1313

fluctuations.1314

Emergent of GCC In online social graphs, nodes1315

with higher degrees grow larger over time and1316

eventually manifest a giant connected component1317

(GCC) (Mislove et al., 2007). As illustrated in1318

Figure 5, the proportion of the largest connected1319

component rows steadily over time, indicating the1320

emergence of a giant community within the social1321

graph. The network is generated by with 7000 actor1322

agents.1323
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(c) Friend Network

Figure 6: The Friendship Paradox phenomenon in on-
line social graphs; The figures show the average degree
of node neighbors v.s. the average degree of node itself
in social graphs.

Friendship Paradox An interesting and some- 1324

what counterintuitive phenomenon in real-world 1325

social graphs is that everyone you follow or who 1326

follows you tends to have more friends and fol- 1327

lowers than you do. This phenomenon has been 1328

observed in both Twitter (Hodas et al., 2013) and 1329

the social graph of Facebook (Ugander et al., 2011), 1330

applying to more than 98% of the nodes. As shown 1331

in Figure 6, the friendship paradox is most evident 1332

in the friend network, with over 90% of the nodes 1333

lying above the y = x line, indicating that most 1334

users have fewer friends than their friends do. The 1335
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Table 9: The structural metrics for graphs generated by GAG.

Citation Bib-Coupling Co-Citation Author Citation Co-Authorship

|Vs| 1.14e+04 1.09e+04 3.93e+03 5.01e+03 5.01e+03
|Es| 3.63e+04 1.22e+07 3.27e+04 2.41e+05 2.08e+04
c̄c 0.08 0.77 0.59 0.38 0.20
r -0.10 0.09 -0.10 -0.18 0.32
De 5.19 2.94 3.89 3.44 5.77

Action Follow Friend Movie Rating User Projection

|Vs| 9.97e+04 9.96e+04 9.96e+04 4.17e+03 3.91e+03
|Es| 9.07e+05 1.53e+06 5.01e+05 3.25e+04 9.04e+05
c̄c 0.07 0.61 1.00 0.00 0.34
r -0.03 0.06 0.59 -0.54 -0.11
De 2.79 2.85 11.66 2.98 1.17
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(a) Movielens Rating Network
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(b) Generated Movie Rating Network

Figure 4: Periodic Variation of Degree in Movie Rating Network; Figure 4a shows the number of released movies
over time and the degree of the movie rating network over time in MovieLens dataset; Figure 4b also shows the
number of released movies and the degree of the movie rating network over time in GAG.
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Figure 5: The proportion of the largest connected com-
ponent grows steadily over time.

network is generated by 5 rounds of simulation1336

with 1e5 agents.1337
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Figure 7: The out-degree is plotted against c̄c in follow
graph.

Densely Connected Core In real-world online1338

social graphs, there exists a densely connected core1339

(DCC) comprising between 1% and 10% of the1340

highest degree nodes, such that removing this core1341

completely disconnects the graph (Mislove et al.,1342

2007). These high-degree nodes serve as hubs of1343

the network, causing the network to become in-1344

creasingly compact through the hub structure. As1345

shown in Figure 8, the nodes with higher degrees1346

have significantly higher c̄c compared to other1347

nodes. For these densely connected components,1348

De grows at a slow rate. In Figure 7, we observe1349

that the De among the DCC of follow network is1350

grows sublognitively. The network is generated by1351

5 rounds of simulation with 1e5 agents.1352

B.3 Micro-Level Evaluation1353

GAG distinguishes itself from traditional graph1354

generation methods by generating graph data with-1355

out requiring prior training. It achieves this through1356
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Figure 8: The De of the DCC in follow network, the
network is divided by the fractions of the total number
of nodes.

the simulation of human behavior, leading to the 1357

emergence of various structural features character- 1358

istic of real-world networks. Consequently, con- 1359

ventional graph evaluation methods cannot be ap- 1360

plied. To address this, we design comparative ex- 1361

periments against existing graph generation mod- 1362

els. 1363

Evaluation Metrics In accordance with estab- 1364

lished evaluation metrics for graph generation 1365

(Bergmeister et al., 2024), we report the maximum 1366

mean discrepancy (MMD) between the generated 1367

graphs and the test graphs, specifically focusing on 1368

degree distribution and clustering coefficient. Fur- 1369

thermore, we place particular emphasis on evaluat- 1370

ing whether the degree distribution of the generated 1371

graphs conforms to a power law after expanding 1372

the graph to out-of-distribution sizes (Clauset et al., 1373

2009). To this end, we employ six key metrics in 1374

all: 1375

(1) MMD.D: maximum mean discrepancy 1376

(MMD) of degree distribution between the gen- 1377

erated graphs and the test graphs. 1378

(2) MMD.C: maximum mean discrepancy 1379

(MMD) of clustering coefficient between the gen- 1380

erated graphs and the test graphs. 1381

(3) MMD.S: maximum mean discrepancy 1382

(MMD) of spectrum between the generated graphs 1383

and the test graphs (Liao et al., 2019). 1384

(4) MMD.O: maximum mean discrepancy 1385

(MMD) of node orbit counts between the gener- 1386

ated graphs and the test graphs (You et al., 2018). 1387

(5) α: The power-law exponent of the graph 1388

degree distribution. 1389

(6) Dk: The Kolmogorov-Smirnov distance be- 1390

tween the degree distributions of the generated and 1391

test graphs. 1392
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Table 10: Training hyperparameters of baseline models. All unspecified hyperparameters default to their standard
values.

Model Hyperparameter Experiment

Erdös-Rényi (Erdos et al., 1960) Linking propoblity k̄/(|Vs| − 1)

Barabási-Albert (Barabási and Albert, 1999) Number of linking edges k̄/2

Small-World (Watts and Strogatz, 1998) Number of linking nodes k̄ × 2

BiGG (Dai et al., 2020) Ordering DFS
Accumulated gradients 1
Batch size 32

GRAN (Liao et al., 2019) Hidden size 512
Embedding size 512
Number of layers 7
Number of mixtures 20
Batch size 16

BwR (Diamant et al., 2023) Model GraphRNN (You et al., 2018)
bw 8
Hidden size 128
Ordering BFS
Batch size 32

L-PPGN (Bergmeister et al., 2024) Hidden embedding size 256
PPGN embedding size 128
Input embedding size 32
Number of layers 10
Number of denoising steps 1024
Batch size 32
EMA coefficient 0.99
Number of spectral features 0

GraphMaker (Li et al., 2024a) Variant Sync
Hidden size for timestep 32
Hidden size for node 512
Hidden size for node label 64
NumberofMPNNlayers 2
Learning rate 0.001
Optimizer AMSGrad
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Table 11: Comparison with existing expansion-based graph generation models. For GRAN, generated graph degree
distribution fails to converge when fitting a power-law distribution.

MMD.D↓ MMD.C↓ MMD.S↓ MMD.O↓ Dk α Valid↑ GEM

Cora - - - - 0.07±0.0 2.59±0.01 1.00 -

Erdös-Rényi 0.25 1.41 0.54 0.27 0.13±0.02 4.01±0.17 0.00 0.29
Barabási-Albert 0.09 1.41 0.44 1.11 0.04±0.01 2.4±0.05 1.00 0.46
Small-World 0.60 1.41 0.50 0.20 0.14±0.0 4.05±0.02 0.00 0.28
BiGG 0.14 0.51 0.48 0.27 0.08±0.01 3.19±0.11 0.05 0.34
GRAN 0.15 0.50 0.55 0.28 - - 0.35 0.40
BwR 0.32 0.23 0.34 0.19 0.1±0.01 3.58±0.08 0.00 0.35
GraphMaker 0.37 1.41 0.75 0.28 - - 0.00 0.27
L-PPGN 0.15 0.92 0.32 0.59 0.06±0.01 2.77±0.04 1.00 0.50
GAG 0.35 0.84 0.41 1.21 0.09±0.0 2.1±0.01 1.00 0.47

(7) Valid: Research demonstrates that degree1393

distributions in complex networks are typically1394

characterized by a power-law exponent α ∈1395

[2, 3] (Clauset et al., 2009). Accordingly, we de-1396

fine the validity measure for a graph as the propor-1397

tion of graphs meeting the criteria Dk < 0.1 and1398

α ∈ [2, 3]. Set kmin = 2 for the uniform calcula-1399

tion of the power-law fitness of both undirected and1400

directed graphs.1401

(8) GEM: To quantify the level of structural1402

alignment for the expanded graph, we establish the1403

Graph Expansion Metric (GEM). Firstly, for the1404

negative indicator MMD metrics, we utilize the1405

transformation 1− 1
1+emetric , which maps the met-1406

rics to a range between 0 and 1. We then calculate1407

the average of MMD and Valid metrics as GEM.1408

Experiment Settings Specifically, we sample a1409

network dataset based on publication timelines to1410

create our evaluation dataset. Since we only crawl1411

for timestamp information of the CiteSeer and Cora1412

datasets, these two datasets are used for our experi-1413

mental evaluation. Following the timeline of graph1414

evolution, we partition the network dataset into1415

training and testing sets. At a designated time point1416

t, we filter the citation network using node times-1417

tamp information to obtain G<t, which includes all1418

nodes and edges prior to t. We sample small sub-1419

graphs from G<t to create a training set for deep1420

learning methods and to generate the seed graph1421

for GAG. The training set consists of sampled sub-1422

graphs with sizes ranging from 64 to 512 nodes,1423

resulting in a train set comprising 160 subgraphs1424

and validation sets comprising 32 subgraphs. For1425

the test set, we filter the citation network for nodes1426

and edges after t, denoted as G>t. From G>t, we1427

sample large subgraphs of 1,000 nodes, resulting1428

in a test set comprising 20 subgraphs. We focus on 1429

whether the expanded graph structure exhibit power 1430

law characteristics typical of real-world network 1431

structures. 1432

The existing graph generation methods have 1433

demonstrated promising results in generating small 1434

graphs, including works such as (Vignac et al., 1435

2023), (Martinkus et al., 2022), and (You et al., 1436

2018). However, they have not explored the gen- 1437

eration of out-of-distribution graph sizes, and the 1438

generated graph sizes are limited. To compare with 1439

traditional graph generation models, we need to se- 1440

lect those methods that can expand beyond the train- 1441

ing set graph sizes and efficiently generate large 1442

graphs. For rule-based graph generation methods, 1443

we set hyperparameters to ensure that the average 1444

degree of the expanded graph matches that of the 1445

seed graph. For deep learning-based graph gener- 1446

ation methods, we adhere to the hyperparameters 1447

specified in the original papers. All hyperparameter 1448

details are provided in Table 10. 1449

Ablation on Seed Graph Size Additionally, we 1450

aim to investigate whether the size of the seed graph 1451

affects the validity of the final generated graph 1452

structure. To this end, we utilize the GAG to per- 1453

form graph expansion on seed graphs of varying 1454

sizes. We plot the number of nodes in the expanded 1455

graphs against the corresponding values of α. As 1456

shown in Figure 9, it is evident that larger seed 1457

graphs result in expanded graphs exhibiting higher 1458

values of α. Furthermore, as the size of the ex- 1459

panded graphs increases, the α values gradually 1460

stabilize. This indicates that the GAG is capable of 1461

effectively and reasonably expanding graphs across 1462

different seed graph sizes. 1463
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Figure 9: We present the results for seed graph sizes of
100, 445, and 2840, with the sizes of the expanded
graphs plotted against their corresponding α values.
Note that we only plot valid data Dk < 0.1.

Supplementary Experiments To further demon-1464

strate the reliability of the GAG framework, in addi-1465

tion to seed graph from CiteSeer, we crawl for the1466

necessary node attributes to enrich text attributes1467

for Cora (Sen et al., 2008) to constitute the seed1468

graph. Following the experimental setup outlined1469

in the paper, we designate Cora as the seed graph1470

and similarly compared it with existing graph gen-1471

eration models.1472

As shown in Table 11, the expanded graphs gen-1473

erated by GAG adhere to a power-law distribution,1474

with α = 2.1. For MMD metrics, since GAG1475

doesn’t strictly enforce explicit graph structure con-1476

straints on the agents, its performance is not sig-1477

nificantly better than other models, but it achieves1478

comparable results. For the Valid metric, apart1479

from GAG and the Barabási-Albert Model, the only1480

existing deep-learning graph generation model ca-1481

pable of capturing the power-law distribution is1482

L-PPGN. This demonstrates that L-PPGN is in-1483

deed capable of extrapolating to out-of-distribution1484

graphs when trained on graphs that encompass the1485

power-law distribution property. However, the un-1486

stable performance of L-PPGN across different1487

datasets also highlights its sensitivity to the quality1488

of the training dataset. In contrast, GAG, through1489

human behavior simulation, can reliably generate1490

graph structures that adhere to real-world network1491

characteristics from seed graph of varying sizes1492

and quality. This illustrates not only the potential1493

of LLM-based Agents in simulating human behav-1494

ior but also underscores the reliability of the GAG1495

framework.1496

C Textual Feature Alignment 1497

C.1 Experiment Settings 1498

For the LLM backbone, we have chosen the open- 1499

source model of Llama-3-70B(AI@Meta, 2024) for 1500

textual feature alignment experiment. We configure 1501

the complete Citeseer graph as seed graph, and 1502

expand the paper citation graph to 5000 nodes. For 1503

baselines, we construct graphs with eight distinct 1504

relationships between graph structures and textual 1505

features as follows: 1506

(1) F.shuffle: This process randomly selects 1507

node-wise textual features from seed graph to cre- 1508

ate the node features of expanded graph. 1509

(2) S.shuffle: In this step, we randomly shuffle 1510

the edges of seed graph, thereby disrupting the 1511

graph structure while maintaining the number of 1512

edges consistent with Vs. 1513

(3) SF.shuffle: This refers to a combination of 1514

both F.shuffle and S.shuffle. 1515

(4) BWR.L: Graph strcuture generated by (Dia- 1516

mant et al., 2023). We give the LLM Citeseer as 1517

corpus and use it to generate textual features. 1518

(5) L-PPGN.L: Graph strcuture generated by 1519

(Bergmeister et al., 2024). We give the LLM Cite- 1520

seer as corpus and use it to generate textual fea- 1521

tures. 1522

(6) BiGG.L: Graph strcuture generated by (Dai 1523

et al., 2020). We give the LLM Citeseer as corpus 1524

and use it to generate textual features. 1525

(7) BiGG.L: Graph strcuture generated by (Dai 1526

et al., 2020). We give the LLM Citeseer as corpus 1527

and use it to generate textual features. 1528

(8) GraphMaker.L: Graph strcuture generated 1529

by (Li et al., 2024a). We give the LLM Citeseer as 1530

corpus and use it to generate textual features. 1531

(9) GAG: Graphs that are generated by the GAG 1532

framework. 1533

C.2 Ablation Study of LLM 1534

To further illustrate the effectiveness of the gen- 1535

erated graphs, we conduct an ablation study on 1536

the LLM for agent setup. We select four LLMs 1537

for this study: GPT-3.5-turbo, GPT-4o-mini (Ope- 1538

nAI, 2023) as top-ranking closed-source LLMs, 1539

and Llama-3-70B(AI@Meta, 2024) and Qwen2- 1540

72B(Yang et al., 2024) as top-ranking open-source 1541

LLMs. 1542

As shown in Table 12, the LLM-based agents 1543

built on LLaMA2, GPT-3.5-turbo, and GPT-4o- 1544

mini are capable of generating graphs that maintain 1545

the node and structural characteristics of the seed 1546
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Table 12: Ablation Study of LLM in GAG. Performance Comparison for Node Classification

∆ACC ↓

GNN LLM SF.random F.random S.random GAG

GAT LLAMA. 13.40±3.52 24.11±2.84 18.85±2.55 2.26±1.19

GPT-3. 12.30±2.47 22.24±2.86 16.69±2.46 2.29±1.84

GPT-4o. 12.03±1.17 21.73±2.91 15.57±2.84 2.80±0.88

Qwen2. 11.12±2.53 15.84±3.34 24.51±2.28 10.50±1.94

GCN LLAMA. 15.04±1.99 23.20±2.25 21.77±2.04 3.61±1.32

GPT-3. 13.55±2.19 23.08±1.39 20.58±1.44 4.34±2.01

GPT-4o. 14.56±1.84 22.07±2.25 20.82±2.45 4.09±1.75

Qwen2. 12.56±1.65 15.37±2.69 26.95±2.16 10.05±1.87

GCN2 LLAMA. 9.58±0.88 9.33±1.36 2.24±1.58 0.49±1.50

GPT-3. 9.07±1.10 9.04±1.80 1.43±1.67 0.39±1.67

GPT-4o. 8.89±1.44 9.64±1.10 1.19±1.64 0.50±1.36

Qwen2. 9.78±1.48 9.19±1.44 11.40±1.78 9.39±0.93

GraphSage LLAMA. 7.00±0.92 7.13±1.73 3.15±1.84 0.09±1.74

GPT-3. 6.72±1.41 6.39±0.92 2.35±1.60 0.81±1.67

GPT-4o. 6.97±0.92 6.46±1.61 2.05±2.31 1.70±2.28

Qwen2. 6.45±1.33 7.14±1.68 12.73±2.26 9.72±2.43

graph, thus ensuring effective performance transfer1547

in downstream tasks. In contrast, Qwen-2 based1548

agents do not guarantee performance transfer. We1549

believe this is related to the ability of LLMs to1550

emulate human behavior; Qwen-2 based agents fail1551

to exhibit human-like creative behavior, resulting1552

in less coherent generated graphs.1553

D Scalability of GAG1554

GAG demonstrates the ability to generate text-1555

attributed dynamic graphs at scales exceeding those1556

of existing graph generation models. Most current1557

methods are limited to producing graphs with up to1558

5,000 nodes, while specialized models designed for1559

sparse large graphs, such as Dai et al. (2020), are1560

constrained to generating simple grid-structured1561

graphs with a maximum of 100,000 nodes. Simi-1562

larly, the GraphMaker model (Li et al., 2024a) con-1563

siders graphs with 13,000 nodes to be large-scale.1564

In contrast, our GAG framework is capable of gen-1565

erating graphs with up to 100,000 nodes that exhibit1566

intricate small-world structures, without imposing1567

sparsity assumptions. Moreover, GAG produces1568

graphs that are both dynamic and text-attributed—a1569

substantial advancement over existing approaches.1570

While some models can generate either dynamic1571

or attributed graphs, none match GAG’s ability to1572

support the generation of text-attributed dynamic1573

graphs at such scales, marking a key contribution1574

of our work. To further clarify the scalability of 1575

the GAG framework, we have included an updated 1576

comparison in Table 13: 1577

Table 14: The time cost (min) of agents for generating
one interaction data with P = 24.

N SC TC SoC

5 0.2700 0.0150 0.0120
10 0.2300 0.0112 0.0119
20 0.1700 0.0052 0.0119
40 0.0910 0.0054 0.0060

5→40 ↓66.3% ↓64.0% ↓50.0%

Table 15: The time cost (hour) for one round of simula-
tion for generating the large-scale graphs.

N P T

SC 5.01e+03 10 0.46h
TC 3.91e+03 10 0.30h

SoC 9.97e+04 48 11h

To further demonstrate the excellent scalability 1578

of the GAG framework, we conduct time measure- 1579

ments across various simulation scenarios. The 1580

tests are carried out on a computing machine 1581

equipped with 96 CPU cores and 376 GB of mem- 1582

ory. For model inference, we utilized LLAMA- 1583
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Table 13: Comparsion of generated graphs by GAG against existing graph generation methods.

Model Method Text-Attributed Attributed Temporal Scale(Nodes) Year

GAG Simulation ✓ ✓ ✓ 100000 2024
GraphMaker (Li et al., 2024a) Diffusion ✓ 13000 2024
L-PPGN (Bergmeister et al., 2024) Diffusion ✓ 5037 2024
EDP-GNN (Niu et al., 2020) Diffusion ✓ <100 2020
MOOD (Lee et al., 2023) Diffusion ✓ <100 2022
GDSS (Jo et al., 2022) Diffusion ✓ <100 2022
DiGress (Vignac et al.) Diffusion ✓ <100 2021
Bwr-GraphRNN (Diamant et al., 2023) AR 5037 2023
BIGG (Dai et al., 2020) AR 100000 2020
GRAN (Liao et al., 2019) AR 5037 2019
GraphRNN (You et al., 2018) AR 2025 2018
MolecularRNN (Popova et al., 2019) AR ✓ <100 2019
GRAM (Kawai et al., 2019) AR 500 2021
DeepGDL (Khodayar et al., 2019) AR 14430 2019
LFM (Podda et al., 2020) AR <100 2020
STGG (Ahn et al., 2021) AR <100 2021
MDVAE (Du et al., 2022b) VAE ✓ <100 2022
D-MolVAE (Du et al., 2022c) VAE <100 2022
GraphVAE (Simonovsky and Komodakis, 2018) VAE ✓ <100 2018
STGD-VAE (Du et al., 2022a) VAE ✓ ✓ 2500 2022
CGVAE (Liu et al., 2018) VAE ✓ <100 2018
JT-VAE (Jin et al., 2018) VAE ✓ <100 2018
GraphNVP (Madhawa et al., 2019) NF ✓ <100 2019
GRF (Honda et al., 2019) NF ✓ <100 2019
MoFlow (Zang and Wang, 2020) NF ✓ <100 2020
GraphAF (Shi et al., 2020) AR+NF ✓ <100 2019
GraphDF (Luo et al., 2021) NF ✓ <100 2021
MolGAN (De Cao and Kipf, 2018) GAN ✓ <100 2018
Mol-CycleGAN (Maziarka et al., 2020) GAN ✓ <100 2020
GraphEBM(Liu et al., 2021) EBM ✓ <100 2021
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3-70B as the backbone LLM and employed the1584

vLLM framework (Kwon et al., 2023), running on1585

a setup of four A-800 GPUs. As shown in Table1586

14, when P is held constant, the time to gener-1587

ate one interaction data decreases as N increases.1588

The most significant time reduction observed in1589

the SC simulation, where agents are grouped by1590

paper authorship, which maximizes the efficiency1591

of parrallel acceleration.1592

For generating the large-scale graphs listed in1593

Table 9, we carry out SC simulation experiments1594

for 200 rounds, TC simulation experiments for 331595

rounds, and SoC simulation experiments for 101596

rounds. For each scenario, we measured the total1597

simulation time and computed the average simula-1598

tion time per round. These multi-round simulations1599

provide a robust measure of the computational effi-1600

ciency of the GAG framework. The results, sum-1601

marized in Table 15, demonstrate GAG’s capabil-1602

ity to handle simulations with varying scales of1603

agents. For simulation experiments with Thou-1604

sands of agents, the average simulation time per1605

round is 0.46 hours for SC experiments and 0.301606

hours for TC experiments; For simulation experi-1607

ments with Hundreds of thousands of agents, the1608

average simulation time per round is 11 hours for1609

SoC.1610

E Ablation Study of S-RAG1611

To investigate whether the hyperparameter settings1612

of S-RAG affect the generated network structure.1613

We conduct ablation experiments on these hyperpa-1614

rameters. Given the variations in graph generation1615

scenarios, we conduct the ablation experiments1616

under the SoC simulation. We run equal number1617

of simulation rounds within the GAG to generate1618

graphs.1619

In this section, we add a graph structure metric1620

for measuring the proportion of the largest con-1621

nect component within the network. We define1622

the largest connect component of graph as LCC,1623

so the proportion of LCC within the network is1624

|LCC|/|V |. This aids us in comprehending the1625

graph evolution progress.1626

E.1 Recall Stage1627

In recall stage, the only hyperparameter is the num-1628

ber of searched items: Nr. Since the final number1629

of documents interacting with the LLM is limited1630

to Nr, we change Nr and evaluate its impact on1631

network structure.1632

As shown in Table 16, we keep all other search 1633

parameters constant while varying the size of Nr. 1634

It can be observed that as Nr increases, k̄ of gener- 1635

ated network also exhibits an upward trend. This 1636

trend is particularly pronounced in the follow net- 1637

work. 1638

E.2 Reranking Stage 1639

To maximum the effectiveness of searched items, 1640

we implement the ReRanking stage in S-RAG. 1641

Initially, coarse ranking is performed to sort the 1642

searched items by their creator agent. Focusing on 1643

the core lable of creator. Subsequently, fine ranking 1644

is conducted based on the agent’s individual pref- 1645

erences. We conduct an ablation study to explore 1646

the impact of different levels of personalization in 1647

ReRanking stage. And eventually its impact on the 1648

network structure. 1649

We focus on the hyperparameters in the ReRank- 1650

ing stage, which mainly include: (1) Hub rate: 1651

|HUB|/|V |. (2) Attributes of al. 1652

Coarse Ranking As shown in Table 17, an in- 1653

crease in the proportion of core users correlates 1654

with an upward trend in the proportion of the largest 1655

connected component within the network. Since 1656

the proportion of core users is increased, the like- 1657

lihood of core users being searchable by general 1658

users is also increased, thereby fostering preferen- 1659

tial attachment in the network. Eventually, the pro- 1660

portion of the largest connected component within 1661

the network is increased. 1662

Fine Ranking To improving search algorithms 1663

based on personal preferences of agents, we design 1664

various filter items in fine ranking process, which 1665

are tailored to different simulation scenarios. The 1666

number of filter items is Nf . Within the SoC sim- 1667

ulation, filter items include: (1) Follow: Assesses 1668

whether the content of the document is posted by 1669

an agent that the current agent follows. (2) Friend: 1670

Assesses whether the content of the document is 1671

sent by an agent that is a friend of the current agent. 1672

(3) Topic: Assesses whether the content of the doc- 1673

ument is related to a topic that the current agent is 1674

interested in. 1675

As illustrated in Table 18, c̄c of network in- 1676

creases as Nf increases. Additionally, the impact 1677

level of different filter items is as follows: friend > 1678

topic > follow. 1679
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Table 16: Ablation Study of Nr. The value of Nr is proportional to k̄ of the generated network.

Network Nr |Vs| |E| c̄c r |LCC|/|V |

Action

3 9.47e+02 1.92e+03 0.07 0.10 0.03
5 9.36e+02 2.20e+03 0.09 -0.05 0.02
10 9.58e+02 2.63e+03 0.09 0.02 0.05
20 1.03e+03 3.03e+03 0.11 -0.08 0.16

Follow

3 7.42e+02 1.27e+04 0.83 -0.08 0.29
5 7.39e+02 1.24e+04 0.81 -0.06 0.44
10 7.39e+02 1.29e+04 0.80 -0.06 0.51
20 8.91e+02 3.83e+04 0.82 -0.18 1.00

Friend

3 7.42e+02 5.96e+03 0.88 -0.13 0.25
5 7.39e+02 5.76e+03 0.87 -0.10 0.22
10 7.39e+02 5.94e+03 0.89 -0.10 0.24
20 8.91e+02 1.83e+04 0.87 -0.10 0.45

Table 17: Ablation Study of the hub rate (|HUB|/|V |). Higher hub rate contributes to the emergence of a large
connected component.

Network |HUB|/|V | |Vs| |Es| c̄c r |LCC|/|V |

Action
0.00 9.78e+02 2.64e+03 0.09 -0.05 0.13
0.10 1.02e+03 2.58e+03 0.09 -0.07 0.10
0.20 1.03e+03 3.03e+03 0.11 -0.08 0.16

Follow
0.00 7.79e+02 3.00e+04 0.84 0.02 0.63
0.10 7.82e+02 3.04e+04 0.84 0.05 0.63
0.20 8.91e+02 3.83e+04 0.82 -0.18 1.00

Friend
0.00 7.79e+02 1.45e+04 0.89 0.21 0.27
0.10 7.82e+02 1.47e+04 0.88 0.29 0.43
0.20 8.91e+02 1.83e+04 0.87 -0.10 0.45

F Human Interface Control1680

Previous work on employing LLMs for graph gen-1681

eration typically relied on predefined network struc-1682

ture features or a set of example networks (Yao1683

et al., 2024a). Similarly, after understanding the1684

reasons behind different structural characteristics1685

of networks within GAG, we aim to enable users to1686

control the entire simulation process by inputting1687

prompts. This will guide and influence the various1688

structural features of the final network.1689

To achieve this, we establish a control agent that1690

accepts instruction frm users. Control agent trans-1691

fers the instruction to a control profile for managing1692

the simulation process of GAG. As shown in Fig.1693

10,specifically, the hub rate controls the proportion 1694

of recommended core users, subsequently affect- 1695

ing the ratio of hub nodes in the network. The 1696

parameter Nr determines the number of items rec- 1697

ommended by the system, influencing the overall 1698

degree distribution. Additionally, parameter Nf 1699

dictate the number of filter items in the ReRanking 1700

stage, impacting the network’s clustering coeffi- 1701

cient. Furthermore, the overall simulation time is 1702

adjusted by the number of agents N per simulation 1703

round. 1704

F.1 Case Study 1705

Since GAG employs human behavior simulation 1706

for network generation, the process of connecting 1707

25



Table 18: Ablation Study of the fillter items used in fine ranking process.

Fillter Items Network Structural Characteristics

Network follow topic friend |Vs| |Es| c̄c r |LCC|/|V |

Action

✓ - - 6.51e+02 1.88e+03 0.11 0.01 0.19
- ✓ - 6.32e+02 1.82e+03 0.09 -0.01 0.15
- - ✓ 1.02e+03 2.78e+03 0.09 -0.05 0.12
✓ ✓ ✓ 1.03e+03 3.03e+03 0.11 -0.08 0.16

Follow

✓ - - 6.51e+02 2.65e+04 0.78 -0.19 0.92
- ✓ - 5.63e+02 2.03e+04 0.79 0.16 0.64
- - ✓ 7.70e+02 2.97e+04 0.84 0.19 0.69
✓ ✓ ✓ 8.91e+02 3.83e+04 0.82 -0.18 1.00

Friend

✓ - - 6.51e+02 1.26e+04 0.83 -0.13 0.46
- ✓ - 5.63e+02 9.74e+03 0.83 0.52 0.28
- - ✓ 7.70e+02 1.44e+04 0.89 0.21 0.31
✓ ✓ ✓ 8.91e+02 1.83e+04 0.87 -0.10 0.45

Figure 10: An illustration of the Control Agent in GAG Framework.

26



each network node to others closely mirrors real-1708

world scenarios. This alignment enables a clear1709

and interpretable understanding of the network evo-1710

lution process. To demonstrate the interpretability1711

of our graph generation method, we present a case1712

study using the SC simulation scenario.

Figure 11: An illustration of the citation network evolu-
tion with LLM-based Agents.

1713
As illustrated in Figure 11, the formation of a1714

citation network involves three primary steps. First,1715

LLM-based agents collaboratively generate a paper1716

draft through interaction and cooperation. Next, the1717

agents search the corpus of stored papers within1718

the environment to identify literature relevant to1719

their research interests. For instance, query terms1720

may correspond to research domains such as AI or1721

social sciences.1722

Finally, after completing the search, the agents1723

select and cite papers pertinent to their draft, pro-1724

viding explicit justifications for each citation. As1725

illustrated in Figure 11, examples of such justifica-1726

tions include citing a paper due to its high citation1727

count or its direct relevance to the research topic.1728

Each citation edge in the network thus directly cor-1729

responds to an agent’s citation action, offering a1730

behavior-driven perspective on the graph construc-1731

tion process. This approach ensures that the graph1732

generation process is inherently interpretable.1733
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Table 19: The action prompt template and respond example in SC.

Action Prompt Template
Agent Profile: <Agent Profile>
Agent Memory: <Agent Memory>
Environment Observation: Partial environmental feedback provided by S-RAG. The searched
items are formed as textual representation with item prompt template.
Human Instruction: A papar should include the following attributes:
title: The title should be concise yet descriptive, providing a clear indication of the paper’s topic
and scope. This can be different from your topic, It is relatively accurate and clear.
keywords: These are specific terms or phrases that encapsulate the core topics of your paper.
Keywords make your paper searchable within academic databases and help readers quickly
understand the paper’s focus areas.
abstract: The abstract is a brief summary of your research paper. It should provide an overview of
the research question, methodology, results, and conclusions.
citations: A list of the paper names you want to cite.
. . .
Now write a version of your paper and cite the papers you need to cite.

Structured Respond Example
Creation Action: Actor-Item Edge: Creation. Item Node: NULL.
Reference Action: Actor-Item Edge: Reference. Item Node: Academic paper.

Table 20: The action prompt template and respond example in TC.

Action Prompt Template
Agent Profile: <Agent Profile>
Agent Memory: <Agent Memory>
Environment Observation: Partial environmental feedback provided by S-RAG. The searched
items are formed as textual representation with item prompt template.
Human Instruction: You should give your rating scores to the movies . . .

Structured Respond Example
Movie Rating Action: Actor-Item Edge: Rating. Item Node: NULL.
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Table 21: The action prompt template and respond example in SoC.

Action Prompt Template
Agent Profile: <Agent Profile>
Agent Memory: <Agent Memory>
Environment Observation: Partial environmental feedback provided by S-RAG. The searched
items are formed as textual representation with item prompt template.
Human Instruction:
You can perform [Retweet/Reply/Tweet] action on these tweets. Additionally, you can follow the
bloggers of these tweets:
Retweet: Retweet the tweet
Reply: Reply to the tweet
Tweet: Send a tweet
. . .

Structured Respond Example
Retweet Action: Actor-Item Edge: Retweet. Item Node: NULL.
Reply Action: Actor-Item Edge: Reply. Item Node: NULL.
Follow Action: Actor-Item Edge: Follow. Item Node: NULL.
Creation Action: Actor-Item Edge: Tweet. Item Node: Tweets.
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Table 22: The profile prompt template in SC.

I would like you to generate a series of random author’s personal information.
These authors are interested in computer science, they are experts in various fields of CS.
I need you to give a list of author infos with the constraints for each attribute as follows:
(1) Name: Author’s name
(2) Expertises: a list, The author’s areas of expertises can be selected from the following ar-
eas:{expertises list}
(3) Institution: The author’s institution, you can choose whatever institution you want, just give me
one institution name
(4) Country: The author’s country, you can choose whatever institution you want,just give me one
country name corresponding to the institution
(5) Topics: a list, The topics this author is interested in, can be selected from the following
topics:{topics list}
Here’s some common used countrys you can infer to:
{countrys}
Please generate me a list of {author num} different authors, which can be loaded by eval function
in python:
[{{
"name":"",
"expertises":[],
"institution":"",
"country":"",
"topics":[]
}},
...,
{{
"name":"",
"expertises":[],
"institution":"",
"country":"",
"topics":[]
}}]
Now please generate:

Table 23: The profile prompt template in TC.

Your task is to give me a list of watcher’s profiles. Respond in this format:
[ {
"gender": (F/M)
"age":(the age of the watcher)
"job":(the job of the watcher)
} ]
Respond:
Now please generate:
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Table 24: The profile prompt template in SoC.

Your task is to give me a list of {num added} person’s profiles for twitter users. Respond in this
format: [ {{ "user name": "(str;The name of this user)", "user description":"(str;short and concise,
a general description of this user, ordinary users or super large users and the topics this person
interested in)" }} ]
Now please generate:
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